Nearly 75% of in vitro fertilization (IVF) treatments do not result in live births and patients are largely guided by a generalized agebased prognostic stratification. We sought to provide personalized and validated prognosis by using available clinical and embryo data from prior, failed treatments to predict live birth probabilities in the subsequent treatment. We generated a boosted tree model, IVF BT , by training it with IVF outcomes data from 1,676 first cycles (C1s) from 2003-2006, followed by external validation with 634 cycles from 2007-2008, respectively. We tested whether this model could predict the probability of having a live birth in the subsequent treatment (C2). By using nondeterministic methods to identify prognostic factors and their relative nonredundant contribution, we generated a prediction model, IVF BT , that was superior to the age-based control by providing over 1,000-fold improvement to fit new data (p < 0.05), and increased discrimination by receiver-operative characteristic analysis (area-under-the-curve, 0.80 vs. 0.68 for C1, 0.68 vs. 0.58 for C2). IVF BT provided predictions that were more accurate for ∼83% of C1 and ∼60% of C2 cycles that were out of the range predicted by age. Over half of those patients were reclassified to have higher live birth probabilities. We showed that data from a prior cycle could be used effectively to provide personalized and validated live birth probabilities in a subsequent cycle. Our approach may be replicated and further validated in other IVF clinics.
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regression tree model | in vitro fertilization prediction | live birth prediction | in vitro fertilization prognostics | personalized medicine I n vitro fertilization (IVF) has enabled the conception of 1% of newborns in the United States per year, and 1 million babies worldwide since its inception (1, 2) . For most subfertile couples, IVF treatment offers the highest live birth rate per treatment cycle. However, the decision to pursue IVF treatment after a failed attempt is challenging due to the high cost and uncertain prognosis. This lack of information about how to modify treatments to improve a couple's chance of a live birth may contribute to risks of multiple gestations or further futile treatments (3, 4) .
Numerous factors, such as patient's age and embryo parameters, are associated with IVF outcomes (5-7), but their relative influence on live birth outcomes is not understood. Thus, prognostic counseling in IVF has largely been guided by age-based data with minor adjustments based on other clinical factors (2, (8) (9) (10) . In addition, IVF prediction models described previously have limited utility. Some models predicted pregnancy status rather than live births; others were developed before current clinical and laboratory protocols; and importantly, most prediction models did not link outcomes of cryopreserved-thawed embryo transfers (11) (12) (13) .
Previous IVF prediction models have also not been evaluated by all key criteria-likelihood to fit (i.e., predict), calibration, discrimination, and reclassification-that are specific and essential to prognostic models. For example, prediction of a future clinical state is most meaningfully expressed as probability, rather than "yes" or "no" prediction often used in diagnostics (13) (14) (15) . In addition, using sensitivity and specificity to measure "accuracy" may not be as meaningful for a prognostic test as it is for diagnostics. Instead, the power and utility of a prognostic test is measured by its likelihood to fit new data, concordance between predicted probabilities to observed outcomes, range of probabilities that can be predicted, and its ability to discriminate patients by prognoses. Most importantly, these criteria must be externally validated by an independent dataset (13) .
We aimed to develop a prognostic tool that would provide patients with an evidence-based and personalized prediction of their live birth outcome. We propose that the probability of live birth outcome per cycle is determined by a highly predictable component, in addition to random effects. We previously proved that pregnancy status could be predicted by boosted tree analysis that stratified patients according to clinical profiles (16) . In this study, we used boosted tree to perform "deep phenotyping" (17) (e.g., the sorting of patients into subsets defined by similar clinical characteristics) by using data that are known prior to, and during, the first IVF cycle, to generate a model for predicting live birth probabilities in IVF (see Methods).
Rigorous evaluation of this prediction model, IVF BT , showed that it is superior to age-based control models according to emerging statistical criteria for prognostics (15) . Many variables were found to have unique and complex relationships. By not making assumptions about these relationships or the relative influence of variables, we were able to use available clinical and embryo data to better predict live birth outcomes in the current/first cycle (C1). However, because embryo data are critical to the establishment of the IVF BT model, this prediction model will not be able to provide live birth probabilities prior to starting the first IVF cycle. Nevertheless, importantly, we have shown that this clinical data pertaining to a failed IVF cycle can predict the couple's probability of a live birth in a subsequent cycle (C2). Further, our strategy is fluid and may be replicated in other IVF clinics. This model may be further validated for its direct applications in other clinics to significantly improve prognostic counseling after failure of an IVF cycle (Fig. 1A) . Finally, this approach may also be applied in future investigations to better identify patients who are at risk for multiple births. The training set was formed by 2,708 completed cycles, which comprised 1,676; 732; and 300 completed C1, C2, and C3 cycles, respectively, for analysis (Fig. 1B) . Overall, the live birth rates for C1, C2, and C3, were 29%, 18%, and 14%, respectively. Of 1,196 C1 patients (71% of 1,676) who did not have a live birth, 732 (61%) returned for C2 treatment and 464 (39%) of patients dropped out (see SI Text).
Thirty of the 52 variables were confirmed to be significantly associated with live birth outcomes by univariate analysis (p value < 0.05, Table 1 ). For example, normal fertilization and the rate of blastocyst development were positively associated, whereas clinical diagnosis of diminished ovarian reserve and the number of unfertilized eggs were negatively associated with live birth outcomes.
We previously found that stepwise logistic regression was not appropriate (SI Text). In addition, many pairs of continuous variables were highly correlated by Pearson correlation coefficient (Table S1 ). However, the potential for significant interactions among variables was not known. For these reasons and others discussed above, we applied a boosted tree method to 1,676 completed C1 and their outcomes, including outcomes of 440 linked cryopreserved-thawed embryo transfer procedures from the 2003-2006 training set, to generate prediction models for live birth outcomes (Fig. 1B and Table 1 ).
Personalized Prognosis Without Stratification. Traditional classification tree models have been used in infertility research to establish predictive criteria by training prediction models to recognize complex relationships among variables (16, 18) . Using the dataset comprising 1,676 C1 patients from 2003-2006 (hereafter, training dataset) (Fig. 1B) , we generated an example of a tree model by classification and regression trees (CART) (19) , and demonstrated that it offered improved live birth prediction compared to an age-control model in C1 (see SI Methods and Fig. S1 ). Most importantly, CART analysis revealed unique and complex interactions at least among the top five prognostic variables (SI Text and Fig. S1 ). However, the boosted tree model, which aggregates a collection of simple trees, is known to produce significantly superior results (20) (21) (22) (23) . Hence, we applied the boosted tree methodology to generate a model (IVF BT ), to predict live birth outcomes.
Data analysis by Generalized Boosted Models (GBM®) (23), a free software implementation of stochastic gradient boosting algorithm (20) , revealed the relative and nonredundant influence of all 52 variables, which was used to generate the IVF BT model to predict a continuous range of live birth outcome probabilities, without partitioning the population into discrete and discontinuous groups (see Methods). Relative influence is the independent contribution to outcomes that is made by each variable independent of the other 51 variables and is scaled to 100 as the maximum relative influence made collectively by all variables. The top influential factors were rate of blastocyst development (relative influence, 26%), the total amount of gonadotropins administered (10%), the number of eight-cell embryos (9%), embryo cryopreservation (7%), the age of female patient (6%), endometrial thickness (6%), and total number of embryos (6%) (Fig. 2) .
We externally validated the IVF BT model using an independent dataset comprising 634 C1 and 230 C2 from 2007-2008 (hereafter, external validation set), that are unrelated to the patients and cycles of the training set used to generate the model (Fig. 1B and Table S2 ). Of note, 21 of 52 clinical variables (40%) were significantly different between the training and validation datasets, including age, amount of gonadotropins required, and number of eight-cell embryos (Table S2) . Thus, the independent dataset truly served as external validation. To evaluate the predictive power of IVF BT , we tested the null hypothesis that the like- lihood of IVF BT to fit independent data was equal to that of control models, and found that IVF BT was more than 1,000 times more likely to fit new data compared to a control model that used age alone (Age T ) or variables that are known prior to starting IVF (pre-IVF factors) (p < 0.0001; see SI Methods). Hence, the use of pre-IVF factors to predict C2 outcomes was not further pursued.
Thus, we have shown that live birth probabilities in IVF can be predicted using clinical variables known prior to starting IVF, response to hormonal stimulation, and embryo parameters. When used alone, age may be misleading as a prognostic factor, due to the complex and as yet uncharacterized relationships among age, hormonal response, and embryo parameters such as blastocyst formation rate and total number of embryos ( Fig. 2A) .
Predicting Live Birth Outcomes for the Next Cycle. The IVF BT -modelrequired embryo data, which would not be known prior to starting an IVF cycle, are critical to development of the IVF BT model. To determine its clinical utility, we tested whether data from the index cycle (C1) could serve as proxy for C2 data to predict live birth outcomes for C2, without using clinical data from C2. Our goal was to simulate the scenario in which patients do not have a live birth after C1 and wish to know their personalized probabilities to have a live birth if they were to repeat the same treatment (e.g., C2).
Although cycle number itself was not found to be an independent predictor by GBM analysis, we found that the clinical/embryo phenotypes were typically worse in C2 than C1 (Table S2) . Thus, using a prediction model that is based on C1 data alone would overestimate the live birth probabilities for C2. Using the IVF BT model, we generated C1-C2 predicted probability pairs from the training data, to determine a linear model in the logit scale, to measure the difference between C1 and C2 predictions. This linear model was then used to calculate IVF BT -C2, by adjusting the IVF BT prediction for C2. The Age T model was modified by using patient's age at C2 (rather than C1) in the training set to generate Age T -C2, which controls for C2 prediction that was attributed to age alone, without the use of other pre-IVF, treatment, or embryo factors. All of the variables used C1 values as proxy to predict C2 outcomes in the IVF BT -C2 model.
The use of IVF BT , which was generated using C1 data only, would not have introduced bias from self-selection of C2 population (e.g., patients' decision to take C2 treatment or to drop out of treatment), but the use of C2 outcomes in the adjustment procedure to generate IVF BT -C2 had the potential to introduce bias. However, we ascertained that introduction of this type of bias was unlikely because the probabilities of live birth outcome were not differentially distributed between patients who returned for C2 treatment and patients who dropped out of treatment (see SI Text and Table S3 ). Finally, we evaluated the predictive power of IVF BT -C2 as described for IVF BT -C1 above. We tested the null hypothesis that the likelihood of IVF BT -C2 to fit independent data was equal to that of the Age T model, and found that IVF BT -C2 was 1,000 times more likely to fit new data compared to the Age T model (p < 0.05). Therefore, IVF BT -C2 improved the fit significantly to the new data compared to control (see SI Methods).
Testing Calibration and Discrimination of Prognostic Model. The applicability of a prognostic tool also depends on calibration, which measures the concordance between predicted probabilities and rates of observed outcomes (13, 14) . Therefore, calibration could be thought of as a measure of accuracy that is meaningful for prognostic tests. Using the external validation set, we tested calibration by stratifying patients into groups based on their predicted probabilities of live birth by IVF BT and Age T for C1 prediction, and IVF BT C2 and Age T C2 for C2 prediction (Fig. 3  A and B) . Overall, both sets of models were very well calibrated at a 95% confidence interval (p > 0.1, Holsmer-Lemeshow goodness-of-fit test, Fig. 3 A and B, and SI Methods) .
Nevertheless, calibration graphs could not fully illustrate the dynamic range of predicted probabilities for all patients. The significantly wider dynamic range of IVF BT compared to Age T is demonstrated by a scatter plot analysis of predicted probabilities for all patients in the external validation sets for C1 and C2 predictions. For example, for C1 prediction, IVF BT predicted live birth probabilities ranging from near zero to 80%, whereas conventional age categories predicted discrete live birth probabilities ranging from 5% to 41% (Fig. 3C) . Similarly, for C2 prediction, IVF BT predicted live birth probabilities ranging from near zero to ∼50%, whereas adjusted age categories predicted probabilities ranging from near zero to 33% (Fig. 3D) .
Interestingly, although cycle number did not have independent effects on live birth outcomes by GBM analysis, age-based prediction of live birth outcomes for C1 and C2 were significantly different (p < 0.005, two-way ANOVA test, Fig. 3 C and D) . These results highlight the overestimation of live birth rates per cycle, using the current age-based paradigm, which is typically presented without adjustments for repeat treatments (9, 24) .
We further assessed the ability of IVF BT to discriminate patients with different probabilities of live birth by computing the area under the receiver-operator curve (14) . The area under the curve (AUC) measures discrimination based on the true and false positive rates at a series of arbitrarily defined thresholds. Although the AUC may be less meaningful for prognostic than diagnostic tests (15) , it allowed a direct comparison with the Templeton model (25) , one of few reputed live birth prediction models in IVF (AUC ¼ 0.63). Using the external validation set to test C1 prediction, we found that IVF BT (AUC ¼ 0.8) was superior to Age T (AUC ¼ 0.68) (Fig. 3E) . For C2 prediction, IVF BT C2 (AUC ¼ 0.68) was similarly superior to Age T C2 (AUC ¼ 0.58) (Fig. 3F) . Thus, both prediction models were ∼17% more discriminatory than respective age controls and the Templeton model.
Finally, to understand the full utility of our prediction model, we determined the percentage of patients whose prognosis would be reclassified-be given a different probability of achieving live birth-by IVF BT compared to Age T . Overall, IVF BT and IVF BT C2 models predicted live birth probabilities that were significantly different and out of the range predicted by their respective age controls in ∼83% and ∼60% of patients, respectively ( Fig. 3 C and D) . Of patients that were reclassified, 50% and 60% were assigned higher predicted live birth probabilities by IVF BT and IVF BT C2 models, respectively, compared to the probabilities predicted by age models. The reclassification rate for IVF BT C2 would have been even higher if the validation set had comprised a larger number of cycles.
Collectively, given the superior fit and calibration of IVF BT , its high rate of reclassification indicated that the current age-based paradigm may provide misleading live birth outcome probabilities for a large portion of patients. Overall, we have demonstrated that the IVF BT model, which utilized a large composite of commonly recorded clinical variables, is robust and superior to the age-control model. Most importantly, we provided proof that live birth outcomes can be predicted by applying the IVF BT model to analyze clinical data obtained from a previous IVF cycle at the same clinic.
Discussion
Both medical and personal decisions regarding IVF treatment may hinge on the probability of live birth outcome for many patients. Given the financial, physical, and emotional costs of IVF, high-quality personalized prognostic information should assist patients' decisions to continue treatment, pursue alternative options such as egg or embryo donation, or drop out of treatment (26) . Patients have been counseled to focus on cumulative live birth rates rather than success rate per cycle (8, 27) . However, live birth probabilities have traditionally been based on age, and determined for large groups of patients, despite limited applicability of age-based probabilities for the individual patient. Despite efforts to generate an IVF prediction model to address these needs, even the most rigorously tested published prediction models could not be validated (13) .
We have established an externally validated, highly discriminatory, well-calibrated, and robust prediction model that can use available clinical data from a previous cycle to predict live birth rates in a subsequent cycle, without additional clinical or laboratory testing. The IVF treatment itself often has been proposed as a diagnostic/prognostic tool in addition to serving as a therapy. However, that concept has applied to a small subset of patients in whom very serious defects of sperm, oocyte, embryo, or fertilization would only be revealed by IVF (28, 29) . Our findings show that the first IVF cycle can be both prognostic and therapeutic for all patients, because it would provide quantitative, customized prediction of the live birth probability in subsequent cycles. This concept is radically different from the current paradigm, in which age is a major predictor, and other factors may be used to adjust the outcomes according to various semiquantitative scoring methods.
This study of IVF outcomes analysis has comprehensively and simultaneously addressed challenges that have previously contributed to the "black-box" nature of IVF "success rates." Mechanistically, the most significant finding is the complex relationships among key prognostic factors in influencing live birth outcomes. For translational and clinical applications, patient-specific prediction of live birth outcome can be applied to support physicians in counseling patients and to empower patients in decision-making after a failed cycle. Further, these patient-specific live birth probabilities may also be used to determine patient-specific cumulative live birth rates and the number of treatments that may be required to reach a live birth (8, 27) . Other applications of these customized prognostics may include improved candidate identification for elective single-embryo transfer to decrease the rate of multiple gestations (30), enhanced clinical research trial design by refining patient selection, and ultimately, improved maternal and neonatal health by determining risk factors. Finally, the power of boosted tree analysis in predicting IVF outcomes suggests that clinical questions in other areas of medicine may also benefit from such deep phenotyping.
The strengths of our study include the analysis of many variables without the need to assume their interactions a priori. Our model analyzed live birth rates pragmatically, by including outcomes of linked cryopreserved embryos. The application of our model was not affected by patients' self-selection for subsequent treatment, which might be a concern in other studies (8) . Specifically, we found that the IVF BT profiles of patients who dropped out after failed C1 treatments were similar to patients who returned for a repeat treatment (Table S3 ). These findings suggested that some patients might have been influenced by selfperceived probabilities of live birth outcomes that had little correlation with their true prognosis. Alternatively, some patients might have dropped out due to factors unrelated to prognosis, such as finances, or a combination of these and other factors. Our work is clinically applicable because data collection methods met high standards of quality IVF clinics. Our approach does not require fixed coefficients or variables that are typical of logistic regression models. Because treatment regimens, embryology laboratory protocols, and data collection vary among clinics, a key strength is that our approach may be replicated for validation in other IVF clinics to establish clinic-specific prediction models that are meaningful to patients in the context of their clinic. This study is limited by constraints related to data collection present in most IVF clinics. First, some factors that may have prognostic value, such as ethnicity (31) , antral follicle counts, and serum anti-Mullerian hormone levels, were not available in our dataset; hence, they could not be tested in our models. Second, many indications for IVF treatment were not defined quantitatively, and their use might have varied among physicians, which might explain why baseline diagnoses did not contribute to the prediction model. The prognostic value of variables that are not well defined in our dataset may be evaluated by analyzing datasets from clinics that use and record those variables routinely. Hence, live birth prediction models generated at different clinics may comprise different predictors, depending on the available variables, clinical volume, and any clinic-or demographics-specific nuances that are not currently understood. Although most of the top prognostic factors are expected to be consistently significant among live birth prediction models derived from different clinics, we anticipate that their relative importance in predicting live birth outcomes may be different among clinics.
Alternatively, we propose that IVF overrides many pathophysiological factors of infertility, such as anovulation, tubal disease, and male factor. Thus, conventional clinical diagnoses may be less relevant in predicting IVF outcomes, as failure likely results from molecular defects in oocyte, sperm, or embryos that are currently not overcome by IVF. Despite being influenced by multiple maternal, paternal, and embryo variables, and their potential interactions, we have established that live birth outcomes in IVF can be subjected to rigorous scientific investigation, and they can be predicted.
Methods
Data on clinical diagnoses, IVF treatment protocol and response, embryology data, and treatment outcomes for all IVF cycles performed between January 1, 2003 and December 31, 2008 at Stanford Hospital and Clinics (SHC) were retrieved from our clinical database (BabySentryPro, BabySentry, Ltd.) or medical records as necessary. Retrospective data collection, deidentification, and analysis were performed according to a human subjects protocol approved by the SHC Institutional Review Board.
The inclusion criteria for data analysis were freshly stimulated, nondonor oocyte IVF cycles performed at SHC. For each patient, the first IVF cycle performed at SHC was defined as C1, whereas subsequent cycles following failed IVF treatments were designated C2, C3, etc. We applied exclusion criteria and restricted our analysis to cycles that had complete embryo data to generate a model to predict live birth probabilities (see Fig. 1B and SI Text for exclusion criteria).
Fifty-two variables, selected for high data quality and completeness, were analyzed in an unbiased fashion without specific ranking a priori (Table 1) . Over 90% of data fields were completed for 50 of the 52 variables (see Table 1 for details). Twenty of the 52 variables are factors known to physicians prior to starting an IVF treatment cycle (pre-IVF factors) and 32 variables become available only during or at the conclusion of an IVF treatment (protocol and treatment factors, Table 1 and Fig. 1A) .
Here, the outcome of a cycle was determined by outcomes of transfers using fresh or cryopreserved-thawed embryos that resulted from fresh, stimulated cycles. Live birth was defined as the delivery of a live baby beyond 24 weeks gestation after the transfer of fresh or cryopreserved embryos that had resulted from eligible IVF cycles. The outcome, "no live birth," encompassed all other outcomes such as negative or declining serum β-human chorionic gonadotropin, clinical pregnancy loss, intrauterine fetal death, and ectopic pregnancy.
